Although mutual information is a general method usually being used to measure the similarity of two images, the robustness is questionable due to the absence of spatial information. The purpose of this study is to develop a feasible sorting technique for 4D-CT. A novel sorting algorithm named mutual information and edge gradient (MIEG), which includes spatial information by combining mutual information with a term based on the edge gradient of the image, was proposed to sort sequential CT images. The edge of image was extracted by calculating the wavelet transform modulus maxima, and the gradient similarity coefficient of the edge image was calculated and used to multiply by mutual information to form the final similarity metric. This sorting technique was validated by comparing the 4D-CTs reconstructed using MIEG and Real-time Position Management system (Varian Medical Systems, Inc., Palo Alto, CA). Tumor motion trajectories derived from 4D-CTs were analyzed in three orthogonal directions. Their correlation coefficients (CC) and differences in tumor motion magnitude (Ds) were determined. In addition, Dice similarity coefficient (DSC) was used to measure how well the tumor volumes segmented from the two 4D datasets overlapped with each other. For all patients, the mean CC values were >0.95 in all directions. The mean Ds were <0.64 mm in all directions. In addition, good overlapping was achieved between the segmented volumes with the mean DSC = 0.97 at end-and median-inspiration phases, respectively. This study proposed a feasible sorting method for 4D-CT, and its usefulness in imaging accurate tumor motion has been demonstrated.
I. INTRODUCTION
With the ability of imaging patient-specific breathing motion, four-dimensional computed tomography (4D-CT) has been widely used in radiation therapy to determine individual safety margins [1] - [11] . However, an appropriate respiratory surrogate is essential to simulate the internal respiratory motion for 4D-CT reconstruction. Currently, representative external surrogates such as reflective markers placed on body surface [12] , elastic belts [13] and stain spirometers [14] are popularized in 4D-CT simulation. The individual respiratory signals are determined by tracking the motion trajectories The associate editor coordinating the review of this manuscript and approving it for publication was Xiao-Yu Zhang. of these external surrogates followed by determination of respiratory phases or amplitudes, and then the acquired twodimensional (2D) CT images at different couch positions were retrospectively sorted according to phases or amplitudes. Images that are of the same phase or amplitude are put into the corresponding three-dimensional (3D) volume dataset that is used for the reconstruction of 4D images which could reflect the phase and amplitude information during breathing [15] - [24] .
However, since the anatomic structures are complex and the breathing pattern is patient-specific, the definite relationship between the respiratory signal acquired using external surrogate and the movement of chest and abdomen has not been confirmed [25] . A study has found phase shift between the movement of the chest wall and the external marker that placed on the abdomen [26] . In addition, we have observed that the placement of the belt around the body frequently causes anatomical changes, introducing uncertainties in fusion with CT and subsequently dose calculation. Berglinge et al [27] proposed a simple 4D-CT reconstruction method based on lever principle. A fine needle placed on the body surface fluctuated with the respiratory movement of the patient, thus the acquired CT images could be resorted according to the respiratory phases by analyzing the motion trajectory of the fine needle images. However, the intermediate states of expiration or inspiration could not be recognized, and the effects introduced by the artifacts of the needle could not be neglected.
Studies that use internal or image-based surrogates to acquire breathing signals in 4D-CT were carried out. He et al [28] proposed a Bayesian model based automated 4D-CT lung image reconstruction for helical mode scans. The results indicated that the proposed algorithm yielded more accurate reconstruction and fewer artifacts in the 4D-CT image series. However, the complex nature of this technique is the major factor limiting its implementation in radiation therapy. Cai et al [29] utilized body area (BA) as a respiratory surrogate to extract breathing signals from presorted 4D-CT images. All CT images were acquired with a scanner operated in axial cine mode. The authors validated the performance of the BA as a respiratory surrogate by comparing the BA-derived phases with the RPM-derived phases. The disadvantage of this study is that a single threshold was used to determine the BA contour. However, the CT signal and noise often vary between patients and sometimes may even vary for the same patient. Using a single threshold to determine BA contour for all patients is suboptimal, which may have potential negative effect on accuracy validation. Furthermore, respiratory motion modeling is capable of performing more accurate understanding of respiratory motion's effect on dose distribution to cancers in the thorax and abdomen received radiotherapy. Zhang et al [30] developed a model of respiration-induced organ motion in the thorax without the commonly adopted assumption of repeatable breath cycles, which has potential for improving the accuracy of dose calculation in radiotherapy.
A study proposed by Li and Liu [15] showed an automatic 4D-CT sorting algorithm which required collecting the image data with a cine scan protocol. The sorting technique was based on employing normalized cross-correlation (NCC) to calculate the spatial continuity to select out images from the adjacent couch position. However, because the cross correlation was calculated by the joint histogram of two images, which mainly use the statistical characteristics of the image gray level, and doesn't take the relationship of pixels in different regions of the same level, the algorithms performed badly when the motion artifact was very obvious in CT images. Johnston et al [31] demonstrated a method of reducing motion artifacts in 4D-CT by incorporating anatomic similarity into phase or displacement based sorting protocols. The authors insisted that two slices might have a high correlation if they are anatomically similar. The 2D correlation coefficients between slices bordering the interface between adjacent couch positions were calculated for all candidate pairings. Cui et al [32] developed an automated method to objectively compare two 4D CT image sets and identify the one with the fewer or smaller artifacts. The method was based on image similarity between edge slices at adjacent couch positions, which was expressed by the NCC between these slices.
Inspired by the studies mentioned above, we developed a robust sorting technique for 4D-CT reconstruction as a supplement. To achieve both technical simplicity and sufficient image quality, a novel sorting algorithm named mutual information and edge gradient information (MIEG) method was proposed to perform on presorted 4D-CT images at adjacent couch positions. Images from the adjacent couch position were selected out according to mutual information combined with edge gradient information to improve the insufficient capacity of spatial continuity based sorting technique in sorting CT images. The accuracy of reconstructed 4D-CT for motion measurement was assessed on 15 lung cancer patients. The preliminary results indicated that this algorithm yielded more accurate reconstruction in 4D-CT image series.
II. MATERIALS AND METHODS

A. PATIENTS AND IMAGING STUDY
Fifteen patients (9 male, 6 female, age 47 ∼ 78 years) who had non-small cell lung cancer (NSCLC) (n = 11) or small cell lung cancer (SCLC) (n = 4) were enrolled in this study, which was approved by the Institutional Review Board of Shandong Cancer Hospital and Institute. The study was carried out using the patients' presorted 4D-CT images and the corresponding Real-time Position Management (RPM) data. These 4D-CT images were acquired on a GE sixteen-slice CT scanner (Lightspeed, GE Healthcare, Milwaukee, WI), along with the RPM system (Varian Medical Systems, Inc., Palo Alto, CA) and advantage 4D software (GE Healthcare, Milwaukee, WI). The 4D-CT scan was acquired in cine mode, in which the cine duration was set to the patient's average respiratory period plus one second to make sure that the scan time covered at least one whole respiratory cycle, and the cine time (image acquisition time per phase and per slice) was set to one-tenth of the breathing period. When the data collection at present couch was completed, the x-ray beam was automatically stopped and then the table moved to the next couch position and began the next round data collection until the last couch position. The following imaging parameters were used: 120kV, 290mA, 2.5mm slice thickness, gantry rotation of 0.5 seconds per cycle, reconstruction matrix of 512 × 512, field of view 450-500 mm. All CT scans were obtained prior to the planning CT scan as part of the routine diagnostic protocol for lung cancer. All patients were positioned headfirst supine with the arms raised above the head. Vacuum bags were used to immobilize the patients during image acquisition. The 4D-CT sorted by the Advantage 4D software based VOLUME 7, 2019 on the RPM data, denoted as 4D-CT_RPM, was used as goldstandard to validate the accuracy of our sorting technique. Table 1 summarizes the clinical characteristics of the patients. The index of the each acquired presorted 4D-CT image included three parameters: couch position p, slice location s and phase position n. The images were represented as I n (p, s) (n ∈ [1, N ], s ∈ [1, S], p ∈ [1, P] ). N and P indicated the total number of breathing phases and couch positions, respectively. S represented the total number of image slices at a specific couch position. Fig.1 shows the schematic of correspondence between the location of image data and the image index. The top rectangle represented the scan range of the patient. The lower diagram illustrated the index format of image data acquired from two scan couch positions from phase 1 to phase N.
B. SELECTION OF IMAGE DATA CONFINED WITHIN ONE SINGLE RESPIRATORY CYCLE
Since the scanning time for a couch position equals to the patient's respiratory cycle plus one second, the acquired 4D-CT actually involves a complete set of breathing cycle combined with repeated images at the same respiratory phases. Thus it was necessary to truncate the original data into a single breathing cycle. The image data truncation method used in this study was similar as Li's previous publication [10] and will only be briefly described here.
For a specific couch position p and slice location s, the NCC values were calculated to achieve data truncation. The NCC was defined as
where I n∈ [1,N ] (p, s) indicates the time series of images corresponding to couch position p and slice location s. I n=1 (p, s) represents the first time series of images within I n∈ [1,N ] (p, s).
The NCC value began with the value of 1, and gradually reduced to a minimum followed by increasing to a local maximum. When the values returned to a local maximum, the time series were truncated at the time point. As Fig.2 shows, for each scanning position, the NCC values between the first images at the first phase with images at other phases were calculated. The averaged NCC value of four columns was used The NCC values between the reference image (I 1 (p 1 , s)) and other images (I n (p 1 , s), n ∈ (2, N)) at the same slice location were calculated. Since the NCC values gradually reduced to a minimum and then increased to a local maximum, the time series were cut off at the time point corresponding to the maximum NCC value.
for data truncation for each couch position. Theoretically, it may be more direct to calculate NCC for entire couch position, but NCC calculation is based on two images rather than image groups. Thus, other similarity metrics with capable of measuring similarity of two image groups are preferred. The same truncation results may be potentially obtained by using the averaged NCC and entire couch position NCC. It is worth noting that the NCC values were not converted to breathing phases within each couch position in this study as it is common with other 4D-CT sorting techniques. Data truncation guaranteed the acquired images confined within a complete respiratory cycle. Images were classified into appropriate respiratory bins according to the novel sorting algorithm, and all the images in a bin were grouped together to form a 3D volume. Reformatted coronal views and 3D reconstruction step displayed the final 4D images. The breathing phases for each reconstructed 3D volumes were determined manually according to anatomic changes (for example, with 0% corresponding to end-of-inhalation and 50% corresponding to end-of-exhalation) or by using software.
C. SORTING TECHNIQUE BASED ON MIEG METHOD
The purpose of sorting procedure is to select the images with the same respiratory phase from all couch positions after multiple cine scanning, followed by allocating them into image volume corresponding to phase bin. After breathing cycle truncation, the next step was to use the complete cyclic image sequences to sort images. The contour changes between adjacent image slices at the same phase were continuous, since the scanned patient had anatomic continuity. Thus it can be concluded that the contours of adjacent image slices were the most similar.
In this study from the first couch position, regarding the first time series of images as sorting reference, image sequences of the second couch were sorted in accordance with the phase order of the first couch based on the characteristic of spatial continuity. Then the second couch position was taken as the new reference position to sort the images of the third couch position until the images of the last couch position were sorted. Once two certain images from two adjacent couch positions were determined at the same phase, other images at adjacent couch position could be directly assigned according to the phases of images at the previous couch due to spatial continuity.
1) IMAGE SIMILARITY BASED ON MUTUAL INFORMATION (MI)
The MI is a popularized metric to measure the similarity between two images. And it is defined as: Currently, many image edge detection approaches have been proposed which include gradient operator, laplace operator, Robert operator, and wavelet analysis. The proposed previous methods are not satisfactory in anti-noise performance and edge localization due to the high-frequency signals of both. However, the multi-resolution feature of wavelet transformation proposes a novel method for edge detection. It is appropriate for extracting local feature and has the ability of achieving noise suppression while extracting image edges. Mallat and Hwang [33] proposed an approach of using wavelet transformation modulus local maxima to detect image edge. It is supposed that (x, y) represents a 2D smooth function, and it could be regarded as an impulse response of a low-pass filter. 1 (x, y) and 2 (x, y) indicate the first and second partial derivatives of (x, y) in x and y directions, respectively. They are defined as following:
where 1 (x, y) and 2 (x, y) can be used as basic wavelet functions, and in each scale they are defined as follows:
There is a corresponding energy function f (x, y) in each scale of 2 j , and the 2D wave transformation of f (x, y) ∈ L 2 (R 2 ) can be decomposed as two independent directions as:
where W 1 2 j f (x, y) and W 2 2 j f (x, y) represent the gradients of f (x, y) smoothed by (x, y) on the scale of 2 j in x and y directions, respectively. The wavelet transform vector was defined as following:
And the magnitude M 2 j f (x, y) and argument A 2 j f (x, y) of the gradient were calculated as
The argument reflects the direction of the gradient at the scale of 2 j . The edges are defined as the locations where M 2 j f (x, y) equals to the extremum values, and its direction is along the vertical direction of A 2 j f (x, y). The complete edge image was obtained by fusing all edges detected at different scales.
3) COMPARISON OF GRADIENT SIMILARITY
The gradient of each pixel in image is generally described by direction and magnitude. The point x in image A is supposed to be corresponding with x in image B. The gradient can be used to represent the maximum value and direction of grayscale drop at x and x , and the angle between the gradient vectors can be described as:
where ∇x and ∇x represent the gradients of x and x in image A and B, respectively. |∇x| and ∇x are the corresponding gradient magnitudes. For the same anatomic position, the gradient directions of corresponding pixels in edge images are mostly the same or opposite. In order to well detect this similarity, the gradient similarity measure is defined as:
The gradient similarity measure equals to 1 when two images are well matched with each other. The complete gradient similarity measure between two images is defined as:
The similarity value can reach to a maximum when the spatial information of two images is exactly the same.
4) THE SIMILARITY MEASUREMENT COMBINED MUTUAL INFORMATION WITH EDGE GRADIENT
For two images A and B, the wavelet transformation modulus maxima method was used to detect the edges. And the edge gradient similarity EG(A, B) was calculated by equation (14). The novel similarity measurement named MIEG was defined as the edge gradient similarity EG (A, B) multiplied by the calculated mutual information MI (A, B) between two images.
Based on spatial continuity, the contour changes of two spatially adjacent scanning sections were continuous between each other. For two adjacent couches, the cross-correlation of the adjacent scanning sections which were in the same respiratory phase was the closest. The time series of images corresponding to the same couch position and slice generate a complete periodic image sequence which changes continuously in time. In order to find a set of optimal sorting results, this algorithm proposed a cyclic sorting to the whole series of images. Between the last column of the reference couch position and the first column of the registered couch position to be sorted, the cyclic sorting method was adopted to calculate the similarity of each sorting method. Then a set of optimal solutions could be found as the best way to sort the images.
After cyclic sorting on two adjacent couches, a similarity matrix could be obtained as C g (m) = C(I n (p, S), I i (p + 1, 1)) (16) where n ∈ [1, N ], i ∈ [1, N ], and m ∈ [1, M ]. The operator C(·) represents the calculation of MIEG values between two image series. After cyclic sorting, C g (m) was actually a M × M matrix, of which M = N , because each column of C g (m) represented a similarity of one sorting method. m was only used as the parameter of index. The optimal sorting method was
where C r was the average value of the similarity at the reference couch position:
C r (i), (i ∈ [1, S − 1]) indicates the calculated MIEG values between slice i and slice i + 1 at the reference couch position. It is worth noting that C r (i) is a matrix with the size of 1 × N . Thus the best way to sort the couches to be sorted was identified. Then the optimal sorting method was regarded as new reference sorting method, and the next couch was seen as new couch to be sorted. The searching process of optimal sorting method was repeatedly run in this way until the last one couch was sorted. An in-house developed software was used to combine image contour and spatial continuity for binning raw 4D-CT images affected by artifacts.
D. RECONSTRCUTION OF 4D-CT
After the image sorting using the novel technique, images at different couch positions with the same phase were put into a corresponding phase bin. The contour changes of images in the same phase bin were the most continuous. All the images in each phase formulated a 3D dataset which was a necessity for 4D image reconstructing. The 4D-CT dataset was reconstructed by reconstructing and arranging these 3D datasets with different respiratory phases.
E. COMPARISON OF 4D-TUMOR TRAJECTORIES
Tumor motion trajectories in three orthogonal directions (superior-inferior (SI), anterior-posterior (AP) and mediallateral (ML)) derived from the reconstructed 4D-CT using MI, EG, Advantage 4D software and MIEG method were obtained using an automatic cross-correlation tracking algorithm based on NCC. Tumor motion tracking using this algorithm has been used in previous literatures [34] , [35] . Tumor trajectories in the SI and AP directions were acquired through tracking the sagittal CT images, and tumor trajectories in the ML direction were extracted through tracking the coronal CT images. Although the SI tumor motion information can also be obtained from coronal CT images, we did not use that information because the through-plane (i.e., AP) tumor motion in coronal plane could not be neglected. For sagittal CT images, the through-plane (i.e., ML) tumor motion is of less concern since tumor motion in the ML direction is typically very small (<2 mm). The templates were drawn manually as a matrix box in the lung tumor in 4D-CTs.
To minimize tracking errors due to human variation in template selection, the tracking was repeated five times. Although our intention was to use the same template in each tracking process, the base template was drawn manually and could be slightly different between different tracking processes. Using repeated measurements to determine the average tumor and diaphragm motion trajectories can reduce this human variation. Tumor motion trajectories determined from 4D-CT_RPM, 4D-CT_MI, 4D-CT_EG and 4D-CT_MIEG were compared. Specifically, correlation coefficient (CC) and the difference in motion magnitude between the motion trajectories were calculated for each patient. The difference in motion magnitude was calculated as the mean difference in motion magnitude over the total respiratory phases. In addition, tumor volumes in 4D-CT_MIEG and 4D-CT_RPM were segmented and compared. Dice similarity coefficient (DSC) was used to measure how well the tumor volumes in the two 4D datasets overlapped with each other.
In addition, our proposed sorting technique was further compared with two currently existing approaches used for 4D-CT reconstruction: image boundary discontinuitybased (IBD) method [36] and BA method [29] . Tumor motion trajectories determined from 4D-CT_IBD, 4D-CT_BA and 4D-CT_MIEG were analyzed for all patients with the 4D-CT_RPM used as the golden standard. The correlation coefficient and the difference in motion magnitude between the motion trajectories were calculated.
III. RESULTS
Results of 4D-CT reconstruction on a total of 15 clinically acquired sequential CT images from lung cancer patients were reported. The image data was collected by a physician who was not familiar with image processing techniques, only on the basis of image collection without any screening criteria. Fig.3 shows the results of NCC values calculated between the first image series and other sequential image series at the first couch position. The four curves represent the calculated results of the four column images. It was obvious that the values began with the value of 1, and then gradually reduced to a minimum followed by increasing to a local maximum. Thus the image series were truncated at the time point with the maximum NCC value to obtain a complete breathing period, which indicated Phase 10 this figure. Fig.4 shows an example of 4D-CT reconstruction results. The coronal and sagittal images were reconstructed using the proposed MIEG sorting method. The dash lines facilitated the visualization of respiratory motion of the lung tumor. Fig.5 shows the comparison of tumor motion trajectories between 4D-CT_RPM, 4D-CT_MI, 4D-CT_EG and 4D-CT_MIEG for a representative patient. Ten respiratory phases were involved in 4D-CTs reconstructed using different sorting method. Error bars are standard deviations of multiple measurements. Good matching was observed between 4D-CT_RPM and 4D-CT_MIEG: the CC ranged from 0.95 to 0.98, and the mean difference of motion magnitude ranged from 0.15 mm to 0.71 mm, with the largest difference in the SI direction. Suboptimal matching was observed between 4D-CT_RPM, 4D-CT_MI and 4D-CT_EG. For 4D-CT_RPM and 4D-CT_MI, the CC ranged from 0.89 to 0.92, and the mean difference of motion magnitude ranged from 0.30 mm to 1.28 mm. For 4D-CT_RPM and 4D-CT_EG, the CC ranged from 0.85 to 0.88, and the mean difference of motion magnitude ranged from 0.32 mm to 1.20 mm. Table 2 summarizes the results of all patients. On average, the tumor motion trajectories matched well between 4D-CT_RPM and 4D-CT_MIEG: the means of CC were 0.96 ± 0.03, 0.96 ± 0.02, and 0.95 ± 0.02 in the SI, AP and ML directions, respectively. The mean Ds were 0.64 ± 0.09, 0.37 ± 0.07, and 0.18 ± 0.09 in the SI, AP and ML directions, respectively. Suboptimal matching was observed between 4D-CT_RPM, 4D-CT_MI and 4D-CT_EG. For 4D-CT_RPM and 4D-CT_MI, the CC were 0.90 ± 0.02, 0.90 ± 0.03, and 0.87 ± 0.04 in the SI, AP and ML directions, respectively. And the mean Ds were 1.26 ± 0.11, 1.20 ± 0.15, and 0.37 ± 0.13 in the SI, AP and ML directions, respectively. For 4D-CT_RPM and 4D-CT_EG, the CC were 0.84 ± 0.06, 0.83 ± 0.05, and 0.81 ± 0.07 in the SI, AP and ML directions, respectively. And the mean Ds were 1.40 ± 0.31, 1.35 ± 0.37, and 0.38 ± 0.05 in the SI, AP and ML directions, respectively. In addition, good overlapping was achieved between the segmented volumes of 4D-CT_RPM and 4D-CT_MIEG: at end-inspiration phase, mean DSC = 0.97 ± 0.01; while at median-inspiration phase, mean DSC = 0.97 ± 0.02.
In addition, Fig.6 demonstrated the comparison of tumor motion trajectories between 4D-CT_RPM, 4D-CT_MIEG, 4D-CT_IBD and 4D-BA for a representative patient. Good matching was observed between 4D-CT_RPM and 4D-CT_MIEG: the CC ranged from 0.95 to 0.98, and the mean difference of motion magnitude ranged from 0.15 mm to 0.71 mm, with the largest difference in the SI direction. Suboptimal matching was observed between 4D-CT_RPM, 4D-CT_IBD and 4D-CT_BA. For 4D-CT_RPM and 4D-CT_IBD, the CC ranged from 0.75 to 0.94, and the mean difference of motion magnitude ranged from 0.20 mm to 0.95 mm. For 4D-CT_RPM and 4D-CT_BA, the CC ranged from 0.80 to 0.96, and the mean difference of motion magnitude ranged from 0.12 mm to 0.76 mm.
For all patients, suboptimal matching was observed between 4D-CT_RPM, 4D-CT_IBD and 4D-CT_BA compared with the results between 4D-CT_RPM and 4D-CT_MIEG shown in Table 3 . For 4D-CT_RPM and 4D-CT_IBD, the CC were 0.90 ± 0.06, 0.86 ± 0.04, and 0.82 ± 0.02 in the SI, AP and ML directions, respectively. And the mean Ds were 0.70 ± 0.02, 0.50 ± 0.04, and 0.22 ± 0.03 in the SI, AP and ML directions, respectively. For 4D-CT_RPM and 4D-CT_BA, the CC were 0.92 ± 0.05, 0.92 ± 0.03, and 0.92 ± 0.03 in the SI, AP and ML directions, respectively. And the mean Ds were 0.71 ± 0.08, 0.50 ± 0.09, and 0.42 ± 0.11 in the SI, AP and ML directions, respectively. Currently, the commercialized 4D-CT reconstruction system usually utilizes RPM device to monitor the displacements of the body surface's movement or measures the expiratory volume using the spirometer, and then sorts the CT images according to respiratory phases. However, the respiratory signals transferred from body surface's movement are not synchronized with inside organs, and the value of spirometer needs to be corrected since it has shifts along with time (E and GT). Fig. 7 shows the comparison of image artifacts in 4D-CTs reconstructed using RPM method and MIEG method at phase 20%, 40% and 60%. The artifacts indicated by the arrows were severe in 4D-CT_RPM, but largely reduced in 4D-CT_MIEG.
In this study, we gave a whole comparison between our proposed sorting method and common method in clinic or approaches presented in recent literatures. After validation of 15 lung cancer patients' image data, observations showed that the breathing motion of 4D-CT reconstructed using MIEG was comparable with 4D-CT reconstructed with RPM, and the apparent motion artifacts were reduced. The movement condition and the moving region of the tumor and the organ in each phase of the respiratory cycle could be seen. The proposed method outperformed these methods in most cases by considering the results of measured CC and difference in motion magnitude. That illustrated the feasibility of 4D-CT image sorting algorithm based on MIEG method.
IV. DISCUSSION
In this study, we evaluated the feasibility of a novel sorting technique based on the calculation of MI and the detection of surface contour to reconstruct 4D-CT in 15 patients with lung cancer. Preliminary results demonstrated that the reconstructed 4D-CT had comparable motion accuracy with the gold-standard. It was unnecessary to collect the respiratory signals synchronized with the CT images, which overcame the limitation of using external respiratory monitor devices to reconstruct 4D-CT. In addition, the sorting method was established independently without having any relationship with the software of CT machine, with the ability of being appropriate for clinical radiation therapy.
In the study by Chen and colleagues [10] , the authors proposed a sorting method using spatial continuity, which was convinced that for two adjacent couches the cross-correlation of the cross-sections which were in the same respiratory phase and spatially continuous were the closet. The NCC was used as a metric for image similarity to confine the image data into a single respiratory cycle as we did in this study. However, no extra auxiliary behavior was employed to compensate the drawbacks of the NCC method, since it selected the images at the same respiratory phase from adjacent couch positions by calculating the correlation of gray level of pixels in two images. Thus it may be a suboptimal method by only using the NCC as a metric to measure the similarity and continuity of images when motion artifacts appear. In this study the edge of image were extracted by calculating the wavelet transform modulus maxima, and the gradient similarity coefficients of edge image was calculated, since the surface body contours of adjacent images in spatial dimension at the same respiratory phase may be the most similar. Image edge detection must meet the conditions of performing effective noise suppression and accurate edge detection.
Although this new approach is an improvement over Li's study, a limitation of this study lies in the combination of spatial continuity and contour information. A product of these two individual similarity measurements was utilized to solve the problem of sorting images with artifacts in this study. However, patients suffered pulmonary cancers have independent respiratory motion, and the motion artifacts in acquired images are significantly different. It might be more sensible to implement adaptive proportion of the two measurements according to different patients. Furthermore, an automatic parameter setting may be preferred to make the programming more applicable. In addition, tumors in other locations have distinct motion patterns compared with tumors in pulmonary. Thus, appropriate sorting parameters for other cancers are still needed to explore, and a systematized adaptive sorting technique for 4D-CT reconstruction is the final goal.
Another limitation of this study is that the wavelet transform modulus maxima was calculated to aid evaluate the contour similarity and it may be suboptimal for small lesions, since the edge detected can be overshadowed by other anatomical structures. However, contour detection was performed for the whole image rather than the lesion. The detected contours of small lesions may have relatively little effect on the similarity calculation. Otherwise, adaptive sorting parameters can be applied for different locations of the image according to artifacts. A large weight may be given to the calculated MI value for small lesions affected by artifacts. In addition, artifacts were observed in some 4D-CT images. The 4D-CT volume images exhibited ''gaps'' at multiple locations and at multiple respiratory phases. These artifacts were presumably caused by patient respiratory variations, as commonly observed in 4D-CT images. The 4D techniques (both CT and MRI) acquire images at each slice location intermittently, rather than continuously during whole breathing cycles. Thus, the collection of an image at every slice position in every respiratory phase is not guaranteed, resulting in the ''gaps''.
A final limitation is that this pilot study included a limited number of patients and assessed only patients with pulmonary cancers. Since this is a feasibility study, it did not include large amounts of patient data, but focused on methodology presentation and feasibility validation. A larger pool of patients is needed in future studies in order to answer the following questions: (1) Is this sorting method effective to cancers in other locations treated by radiotherapy, such as liver cancer? (2) Are there any other better methods to demonstrate the accuracy of respiratory motion in reconstructed 4D-CT? (3) How does irregular respiration affect the accuracy of tumor motion measurement of 4D-CT?
V. CONCLUSION
We have successfully proposed and evaluated a sorting algorithm combing similarity calculation and contour detection to reconstruct 4D-CT in patients with lung cancer(s). Preliminary results demonstrated that the reconstructed 4D-CT sorted by MIEG method showed comparable motion accuracy as the RPM method. However, the evaluation and comparison in the current study was limited by its small sample size. A larger follow-up study has a better chance of quantifying the reliability of our results.
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